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GSD? Th ird, can the indices diff erentiate water from nutrient (N) induced stress? Th is research extends previous literature based on the same experimental data (Estep and Carter, 2005; Estep et al., 2004) in that we evaluated indices for multiple dates, multiple scales, and two diff erent sensors.
MATERIALS AND METHODS
Experiment Description Th e datasets used for this research resulted from a collaboration of several research teams that included the authors who were funded through the NASA Earth Observations Commercial Applications Program Hyperspectral Imaging Program. Th e experiments were designed by all participants, and the teams funded USDA ARS staff (at Lincoln, NE) to provide fi eld management and data collection. Th e fi eld experiments were conducted during the 1999 growing season on a 16.2-ha production corn (Zea mays) fi eld near Shelton, NE (40° 45´ 39.6˝ N, 98° 43´ 30˝ W). An N trial with application rates of 0, 50, 100, 150, and 200 kg ha -1 N as NH 4 NO 3 was established, representing 0, 40, 80, 100, and 120% of optimal N fertilization. Th e plots were approximately 75 m by 90 m, arranged in a randomized complete block layout with four repetitions, resulting in a total of 20 plots (Fig. 1) . Two additional plots were left in bare soil for spectral calibration of canopy refl ectance measurements. Th e corn was planted in east/west rows at 0.76-m spacing. Outside of the N trial plots, eight strips without N measuring 6 m, 12 m, 18 m, and 24 m by 90 m were excluded from any N applications to allow for a spatial resolution study. On the north end of the fi eld, the irrigation was turned off for an area of approximately 50 m by 150 m to produce a site that was fertilized at the 100% level, but water stressed. Supporting data for biomass characterization of the N trial were made bi-weekly or monthly during the growing season. Th ese included leaf chlorophyll concentration (Minolta SPAD meter, http://konicaminolta. com/products/instruments/spad/ index.html), plant biomass, plant tissue analysis for carbon and nitrogen, plant height, density, and growth stage (Table 1) . Growth stage assessment for the N plots indicated the corn was generally in the V14 or V15 stage for 6 July, and R1 for 22 July.
Canopy Refl ectance
Canopy refl ectance measurements were made using an airborne imaging spectrometer and a ground-based portable spectroradiometer. Th e AVIRIS was fl own over the test fi eld on two dates during July 1999. Th e fi rst fl ight, on 6 July, was fl own at high altitude, yielding approximately 18-m image spatial resolution. Th e second set of imagery was fl own on 22 July at lower altitude, yielding approximately 3-m image spatial resolution. Both images used were centered with the fi eld at nadir. Th e AVIRIS imagery was converted from radiance to refl ectance units using a method based on the MODTRAN2 radiative transfer code (Kneizys et al., 1988) as described in Green et al. (1993) . For each pixel in the image, the modeled radiance was fi tted to the measured radiance based on a nonlinear, least squares fi tting. In addition to surface refl ectance, this approach yields column water vapor and liquid water thickness estimates for each pixel. Atmospheric parameters selected were the midlatitude summer model (profi le of pressure, temperature, and humidity with height), 35-km visibility, and the rural aerosol model. Bare soil spectra were used to optimize the retrieval results. Th e imagery was also georeferenced to existing orthophotography. Spectral refl ectance measurements of each experimental plot were taken from a boom 18 m above the canopy using a portable spectrometer in the range of 400 nm to 2500 nm (ASD Field Spec FR, Analytical Spectral Devices Inc, Boulder, CO) on 6 July, 13 July, 21 July, and 26 August. Th ree measurements were taken for each plot using a foreoptic to yield a GSD of 3 m, consistent with the 22 July imagery. Bare soil spectra were also collected with an identical ASD spectrometer during each overfl ight for calibration of the AVIRIS refl ectance retrieval. Th ese spectra were collected by making north-south and east-west transects with the fi ber optic about 1 m above the ground. All ground-based spectrometer measurements were calibrated to refl ectance by use of Spectralon (Labsphere, Inc., North Sutton, NH) calibration panels, and measurements were made within 2 h of local solar noon.
Application of Vegetation Indices
Selecting a representative set of indices to address the questions posed was not easy. In recently published work, Zarco-Tejada et al. (2005) listed 26 diff erent indices. We selected indices developed for broad-band sensors using visible and near infrared wavebands, indices that exploit narrow bands in the chlorophyll red-edge or other specifi c features, and indices that were developed specifi cally for plant water content estimation (Table 2 ). For broad-band indices, we chose NDVI, as it is still used widely. Optimized Soil Adjusted Vegetation Index (OSAVI) and Wide Dynamic Range Vegetation Index (WDRVI) represented improvements in the dynamic range or decreased sensitivity to diff erences in soils backgrounds. Th e Visible Atmospherically Resistant Index (VARI) does not include a near infrared band, but is less sensitive to diff erences in atmospheric conditions. For narrow-band indices, we tested NDVI using narrow bands instead of the broad bands. Th e Modifi ed Chlorophyll Absorption in Refl ectance Index (MCARI), Transformed Chlorophyll Absorption in Refl ectance Index (TCARI), Red-edge Vegetation Stress Index (RVSI), and Reciprocal Refl ectance Rededge (NIR Rededge) utilize the position of the chlorophyll red-edge. Daughtry et al. (2000) recommended the use of MCARI combined with another index to characterize biomass amount so the integrated TCARI/OSAVI (INT) is included. Th ere is a large body of work supporting the use of Photochemical Refl ectance Index (PRI) (e.g., Gamon et al., 1997; Peñuelas et al., 1994) . Th e indices NDWI and Water Index (WI) were selected to evaluate the ability to detect water stress. While not an index per se, Equivalent Water Th ickness (EWT) was included as it is a product of the refl ectance retrieval and has been demonstrated to indicate water content in canopies (Roberts et al., 1997; Dennison et al., 2003; Ustin et al., 2004) .
Th e suite of representative indices described in Table 2 was applied to the canopy refl ectance values. To determine the index values for each treatment plot, all of the AVIRIS pixels contained within each plot were averaged to produce a single refl ectance spectrum. Due to diff erences in pixel resolution between the two AVIRIS fl ight dates, the 6 July 1999 data allowed for the average of 4 pixels per plot while the 22 July 1999 data allowed for the average of tens of pixels per plot. Likewise, all three spectrometer measurements per plot were averaged to determine a single spectrum representing the canopy refl ectance.
RESULTS AND DISCUSSION Evaluation of Sensitivity of Indices for N Level
To understand the relationships among Leaf N, SPAD, and N application, we performed ANOVA for biomass, Leaf N, and SPAD on N treatment (Table 3) . Th e ANOVA indicated that Leaf N and SPAD meter measurements were signifi cant for N treatment eff ects, whereas biomass was not. Th e paired comparisons indicated that Leaf N and SPAD meter measurements were signifi cantly different between 0 kg ha -1 and all other N levels, but not diff erent among levels of 50 kg ha −1 and higher. We would therefore have expected to see a diminished response for the index values at N levels 50 kg ha −1 or higher. Th e data presented in Table 1 also illustrate these disparities between the 0 kg ha −1 and the other levels. We see an increase in SPAD meter readings and Leaf N from 0 kg ha −1 to 50 kg ha −1 treatment levels. Th e SPAD meter measurements increased with increased Leaf N, although the measurements were clustered for the 50 to 200 kg ha −1 N levels.
Correlation was used to evaluate the response of the indices to Leaf N and SPAD meter readings, and ANOVA was used to evaluate the response to the N levels applied. Each of the indices was correlated with biomass, Leaf N, and SPAD meter readings closest to the 6 July and 22 July refl ectance measurements (Table 4) . Th ere were some diff erences in response between the spectrometer measurements and those determined from the AVIRIS imagery, but generally the biomass best correlated with the water band indices (NDWI, WI, and EWT) and least correlated with MCARI and TCARI. Previous studies have also shown that EWT is highly correlated with biomass (e.g., Roberts et al., 2004 Roberts et al., , 1998 Roberts et al., , 1997 as the EWT responds to increases in water content and leaf area index (LAI). With Leaf N and SPAD meter measurements, we see a reversal of this as MCARI and TCARI were most correlated and the water indices were least. For the Leaf N and SPAD, the chlorophyll red-edge indices generally were better correlated than NDVI and related indices. Plots of NDVI and narrow-band indices against Leaf N (Fig. 2) again demonstrate the improved response of the narrow-band red-edge indices over NDVI. Th e PRI has a signifi cant diff erence in the intercept values for the spectrometer and AVIRIS, which might indicate that it is sensitive to the exact wavebands used.
Th e ANOVA was performed for each of the four spectrometer dates separately, and also pooled. Th e 13 July and 26 August data had missing data, as some plots were not measured on those dates because of soil conditions, so they were not included in the pooled data. For the 6 July results (not shown), most of the indices were signifi cant at P < 0.01, while the 21 July results (not shown) were signifi cant at P < 0.01 for the red-edge indices. Th e ANOVA results for the pooled spectrometer data collected on 6 July and 22 July (Table 5) show that the red-edge indices were signifi cant at P < 0.01, whereas the other indices were not. Th e ANOVA was performed on both the 6 July and 22 July imagery datasets independently, and also with the dates combined. Th e ANOVA results for the combined AVIRIS data are shown in Table 6 , with the indices ranked by decreasing F values. Th e F values (not shown) were higher for the 22 July imagery than for the 6 July imagery. For the 22 July imagery, all of the indices were signifi cant at P < 0.01 except VARI. For the 6 July imagery only RVSI, MCARI, INT, and TCARI were signifi cant at that level. When the data were pooled for the two dates (Table 6 ), the red-edge algorithms were signifi cant at P < 0.01 or better.
Considering both the AVIRIS and spectrometer data ANOVA results for the 6 July and 21 July data, red-edge indices generated higher F statistics, signifi cant at P < 0.01 or better. MCARI, TCARI, and INT resulted in the highest F statistics for both the AVIRIS and spectrometer data. To determine how well individual treatments were actually distinguishable, Tukey's Studentized Range Test was applied to each dataset. Th e results for both spectrometer measurements (Table 5 ) and the AVIRIS imagery (Table 6 ) demonstrate that at best, only the zero N treatment was signifi cantly diff erent from the others. Th ese results were expected given the ANOVA presented earlier (Table 3 ) that demonstrated a weak response for the leaf N and SPAD to N treatment for levels at 50 kg ha −1 or higher. However, previous research by Estep et al. (2004) used nonparametric statistics and found signifi cant (P < 0.05) treatment diff erences for the 22 July AVIRIS imagery. We performed Kruskal-Wallis tests based on Wilcoxon scores (rank sums), and these are reported in Tables 5 and 6 . Th e resulting test values and probabilities for this nonparametric test did not appear to alter the results from the ANOVA for the AVIRIS, spectrometer, or direct plant measures.
Evaluation of Indices for Subpixel Plots
While we wanted to know how well each index was able to detect the subpixel stress areas, in some cases the indices were clearly detecting an overabundance of stressed vegetation based on threshold values from the 0 N plots. To evaluate how accurately each index identifi ed the subpixel stress areas, we approached the assessment as a classifi cation and used the N treatment plots (0 kg ha −1 and 200 kg ha −1 ) as the training areas for a supervised classifi cation. A minimum distance classifi cation was chosen so that the results were not dependent on the frequency distribution of values for each index, and the classifi cation was applied to the spatial test strips shown in Fig.  1 . To evaluate subpixel performance with the 22 July imagery, the 3-m pixels were spatially convolved to be comparable to the 6 July imagery. Also, inspection of the imagery revealed that the northern set of subpixel stress plots was aff ected by irrigation on 22 July, so only the southern set was used for this date.
Th e classifi cation results are shown in Table 7 . Th e indices are ranked in descending order according to the overall classifi cation accuracy, which is the proportion of correctly classifi ed pixels (both stressed and nonstressed), by date and row width. Th e Kappa coeffi cients are reported with the index, as this is a conservative estimate of the classifi cation accuracy that is adjusted for the probability of the classifi cation occurring by chance (Cohen, 1960; Foody, 1992) . For both imagery dates, the accuracies for the 6-m-wide stress plots were poor, and the indices did not show much diff erence or obvious trend by index type. Generally, the classifi cation results improved as the stress strips increased in width; as the classifi cation results improved, the red-edge indices appeared to perform better than the other types. In particular, MCARI, TCARI, and INT were oft en the most accurate indices for the 18-m and 24-m-wide strips.
Th ere were, however, some diff erences between the performance of the individual indices as indicated by classifi cation results compared with visual inspection of the index images. Figure 3 shows the index images for 6 July for the NDVI, OSAVI, VARI, PRI, RVSI, and MCARI indices. PRI had the highest classifi cation scores for the 6-m and 18-m strips, yet it is diffi cult to see any obvious response looking at the index image. By contrast, RVSI did not perform any better than many of the other indices (e.g., NDVI for the 12 m wide plots), yet the patterns of pixels representing the nutrient stress areas were distinct. Overall, visual interpretation of the red-edge-based indices supports their superior performance for the detection of nutrient-stressed areas.
Evaluation of Indices for Water Stress
Th e exact location of the water stress plot was verifi ed using the 912 nm from the 22 July AVIRIS image (see inset in Fig.  1 ). All analyses were performed with the 22 July AVIRIS data only, as there was no water stress apparent on 6 July, and no other canopy refl ectance measurements were made for these plots. Areas were selected in the water stress plots and directly adjacent to them, representing the nonstressed areas. Th e entire area was divided into two blocks and two rows for a total of eight plots that represented 1252 pixels, to determine any location eff ects in addition to the presence of water stress. Th e ANOVA results (not shown) indicated that the row eff ects were signifi cant for one of the blocks, but almost all of the indices were signifi cant at P < 0.01 for water stress eff ects. Ignoring the minor location eff ects, the indices were then evaluated by applying ANOVA to a subset of 1 of every 30 pixels, across both blocks and rows (Table 8 ). In all of the ANOVA results, VARI produced the largest F statistic for water stress eff ect. Generally, the NDVI and related indices performed better than did the red-edge indices. Th e indices attributed to water stress detection (e.g., EWT) generally performed poorer than the biomass indices such as NDVI. While NDVI has been shown to be sensitive to LAI (e.g., Daughtry et al., 2000) , the high correlations between the water indices and biomass from the N plot measurements (Table 4) would suggest comparable results to NDVI. Unfortunately, no biomass measurements were made in this area to determine if there were changes in decreases in biomass associated with the water stress plots.
Since the detection of the water stress areas is essentially a classifi cation problem, discriminant analysis was used to evaluate the ability of each index to accurately detect the waterstressed pixels. A subset of 42 points (1/30 of all of the pixels) was used to develop statistics for classifi cation, and the remaining 1210 points were used for classifi cation. Th e resulting overall accuracy and Kappa coeffi cients are shown in Table 9 , with the indices sorted according to decreasing overall accuracy. All of the indices correctly classifi ed most of the water-stressed pixels, but generally they also misclassifi ed the nonstressed areas (as water stressed). Th e VARI had the highest overall classifi cation accuracy, followed by the NDVI-related indices. We Table 7 . Note the differences between the appearance of the subpixel areas and the classification accuracies. For example, the subpixel stressed areas for the Normalized Difference Vegetation Index (NDVI) and the Modified Chlorophyll Absorption in Reflectance Index (MCARI) are quite apparent, although the classification accuracies (Table 7) for the Photochemical Reflectance Index (PRI) are generally higher.
cannot explain the sensitivity of VARI to water stress demonstrated by both ANOVA and the classifi cation tests. However, previous studies have also found VARI to be highly responsive to water stress (Roberts et al., 2006; Stow et al., 2005) .
CONCLUSIONS
We evaluated a suite of remote sensing indices determined from refl ectance measurements of corn to address three key questions pertinent to detection of crop stress. Th e fi rst was whether narrow-band indices were more responsive to diff erences in N fertilizer application than NDVI. We analyzed the response of the indices to varying N levels using correlation and ANOVA approaches. Th e results for both the spectrometer and the AVIRIS data indicated that red-edge algorithms, TCARI and MCARI in particular, were superior to the other indices in the ability to separate treatment eff ects. Integrating TCARI with a biomass index (OSAVI) did not improve the response to N level.
Th e second question was whether any of the indices could detect areas smaller than the GSD. As detecting stressed pixels using threshold values for each index runs the risk of under-or overpredicting stress areas, we chose to perform a supervised classifi cation using a minimum distance classifi er so that there was no assumption of frequency distribution (e.g., Gaussian distribution) with training areas in the N plots. In general, the overall classifi cation accuracies were poor for the 6-m rows, ranging from 46 to 61% of the total area of the strips correctly classifi ed. As the row width increased, the accuracies improved, and the red-edge-based indices were increasingly better than the other indices. Th ere were some notable exceptions, such as PRI (which does not utilize the chlorophyll red-edge), that produced some of the best accuracies. However, visual inspection of the stress strips in the index images supported the advantage of the red-edge algorithms.
Th e third question was whether the indices could diff erentiate water from nutrient (N) induced stress. A water stress area of approximately 50 m by 150 m was utilized, and ANOVA results for the stressed and adjacent nonstressed areas revealed that all but one index was signifi cant at 0.05 or better. Th e F value for VARI was much higher than any of the other indices. A classifi cation using discriminant analysis was also applied, and VARI had the highest classifi cation accuracy with 84% of the pixels correctly classifi ed. Red-edge indices had poorer results than did the broad-band indices NDVI and WDRVI. Indices developed for water content were in the bottom half of indices.
Overall, the narrow-band red-edge indices appeared to have an advantage over NDVI and related indices in terms of their response to nutrient levels. Th ese same indices did not seem to be sensitive to water stress, while other indices (notably VARI) were quite responsive to the presence or absence of water stress. Results for detection of nutrient stress at the subpixel level were disappointing, as none of the indices were able to accurately classify nutrient-stressed areas until the stressed area approached the spatial resolution of the imagery. Future research to relate index values over a linear range of applied and/or measured nutrient values would be useful to assess their application as an assessment tool. 
